Marketing has often stressed the importance of targeting firm communications to consumers who embrace and propagate trends. However, little is known about how possible it is to use advertising to persuade them to embrace the topics a firm wants them to propagate. To explore this, we use data from a field test conducted by a charity on the micro-blogging service Twitter. On Twitter, 'promoted tweets' allow advertisers to target individuals whose recent postings contain key phrases. Every day, Twitter identifies which topics are the most popular among Twitter users. In the field test, the charity targeted individuals who embraced a top Twitter trend early on in its life-cycle, and compared their behavior to that of individuals who only embraced the trend later on. We find that targeting advertising to early trend propagators who have embraced non-commercial trends early on is not successful. One explanation is that early trend propagators aim more than others to make their own unguided choices and have little motivation to respond to commercially sponsored topics. In line with this interpretation, we do not find a similar negative effect of targeting individuals who are early propagators of commercially sponsored trends.
As advertising platforms, micro-blogging websites have two potentially unique features for advertisers. First, they allow advertisers to identify cultural memes and content which proves to be viral among the platform's users. Second, they allow advertisers to identify the consumers who embrace and potentially propagate trends and target advertising specifically towards them (Vaynerchuck, 2013) .
1 The ability to identify these consumers is important because it is believed that they can help spread information virally throughout their networks. As a result, marketers often aim to seed information about their product or service with such early trend propagators in the hope that they will help spread this information to their peers (Bakshy et al., 2011; Weimann, 1994) . In marketing, it is usually assumed that these individuals can be influenced by marketing communications (Mahajan et al., 1990 ).
However, relatively little is known about how easy it is to actually persuade this kind of consumer who follows, embraces and propagates trends to engage with a firm-sponsored message rather than one they view as originating organically. The purpose of this research is to test empirically how effective it is to target advertising towards such 'trend-setters' in an attempt to get them to embrace, and potentially spread, a commercial message on behalf of a firm.
We use data from a field test conducted on Twitter.com, a large micro-blogging service.
As a fast-paced social network, Twitter is notable for launching and spreading trends. Its scientific significance for understanding trends has been demonstrated by researchers who have used its data to accurately forecast cultural trends (Asur and Huberman, 2010) , stock market trends (Bollen et al., 2011) and consumer behavior trends (Goel et al., 2010) . Therefore, it is a useful forum for studying the behavior of individuals who originate and propagate
1 For examples of firms that are attempting this, see http://www.slideshare.net/ razorfishmarketing/fluent-the-razorfish-social-influence-marketing-report, http: //www.huffingtonpost.com/jeff-cann/influencer-marketing_b_3786985.html and http: //www.inkybee.com/top-50-influencer-marketing-blogs. trends early on.
The field test was conducted in conjunction with a large UK charity who ran a campaign to create awareness of homelessness around Christmas. In the field test, the charity targeted 'promoted tweets' promoting its message to Twitter users who had very recently posted messages containing phrases that related to 'trending' topics. Such a practice of using the Twitter advertising platform to target individuals who embrace trends and content has been experimented with by large brands such as Pepsi and Asda 2 and recently introduced on the New York Times' website, where advertisers can choose to target individuals who read stories that currently trend on Twitter.
3
Every day, Twitter identifies and lists the daily top trends. Top trends are words or phrases that feature most frequently in postings made by Twitter users. These trends either arise organically and unpredictably from user conversations, or they are commercially sponsored by firms who pay for them to be highlighted on Twitter. The charity targeted its ads to individuals who had embraced a top trend, either organic or firm-sponsored. An individual embraces a trend by making a Twitter posting that includes the trending phrase.
Each of the charity's promoted message campaigns targeting top trends ran for four days.
Using maximum-likelihood aggregate logit estimation techniques on the grouped advertising campaign data from Twitter, we examine within-trend variation in how early an individual embraced a specific trend and how that affects advertising outcomes. This means that identification is based on comparing individuals who adopt the same trend. It assumes that there is no other difference between individuals who embrace trends early and those who embrace trends later on, than the propensity to embrace trends early. Surprisingly, we find that attempts to advertise to early trend propagators backfire. Indeed, engagement 2 See https://business.twitter.com/success-stories/pepsi-max and https://business. twitter.com/success-stories/asda.
3 See http://paidcontent.org/2013/02/19/the-nyt-is-doing-something-smart-by-using-twitter-trends-totarget-ads/ rates are lowest when targeting the individuals who embrace the trend at the time when it is most popular. Engagement rates increase with every passing day.
Since this result conflicts with the general assumption that it is possible to use marketing communications to co-opt early trend propagators to help spread commercial messages, we conduct a battery of robustness tests for different specifications and functional form assumptions. We also show that the result holds for different outcome variables. For example, early trend propagators are less likely than average to click on a promoted tweet, and to rebroadcast a commercially sponsored message to their social network.
We then explore what might explain our results. We exploit two sources of variation in our data that were embedded into the field test. The first source of quasi-randomization stems from the charity's targeting strategy. Using an exogenously determined algorithm, the charity varied each day whether it targeted a firm-sponsored or an organic top trend.
We find that only early propagators of organic trends are unresponsive to advertising. Early propagators of firm-sponsored trends show no such pattern. Second, we exploit randomization in the wording of the exact message shown to the individual, and find that early trend propagators are particularly put off by attempts to phrase the advertising message in a way that creates a sense of urgency to respond. Both of these results suggest that early trend propagators dislike external pressures on their communication agenda and, more so than others, prefer to make their own unguided choices by engaging with messages that are explicitly un-artificial and un-commercial. This paper contributes to three strands of the academic literature.
The first stream is a small but growing literature on marketing that examines the drivers of organic consumer-sharing behavior on micro-blogging services such as Twitter. For example, Toubia and Stephen (2013) show using data from a field test that Twitter users are driven to contribute content both for intrinsic and image-related reasons. Much of this research has focused on the role of the individual's social network. Watts and Dodds (2007) present an early model of potential influential behavior in such networks. Subsequently Bakshy et al. (2011) used data on 1.6 million Twitter users to model the effects of potential influencers in spreading a message, and find that the size of an influencer's network does not provide clear guidance on whom to compensate. This echoes work by Cha et al. (2010) , who also provide evidence that a large number of Twitter followers is not that predictive of influence on Twitter. Perhaps an explanation of this result is Weng et al. (2010) 's finding that homophily explains followership among Twitter users. While these studies provide valuable insights into the role of network characteristics in spreading messages, they do not shed light on the likely success of using ads as a targeting criterion to reach early trend propagators.
The second stream is a larger and more developed literature on advertising and targeting online. Much of this early literature on display advertising focused on its non-targeted performance on websites (Manchanda et al., 2006) . However, much of the recent literature has evaluated the effectiveness of many new forms of targeting made possible by the internet, including search-query based targeting (Ghose and Yang, 2009; Rutz and Bucklin, 2011; Athey and Ellison, 2011; Goldfarb and Tucker, 2011b) , content-based targeting (Goldfarb and Tucker, 2011a) , time-based targeting (Sahni, 2011) and targeting based on previous product browsing behavior (Lambrecht and Tucker, 2013) . To our knowledge, no papers have evaluated whether firms benefit from targeting consumers who embrace trends online.
The third stream is a literature on the targeting of individuals within social networks. Aral and Walker (2011) use data from a field experiment on Facebook to show that forcing product users to broadcast a message is more effective than allowing users to post more personalized recommendations at their discretion. There have also been a few studies of campaigns that were explicitly designed to go 'viral. ' Toubia et al. (2009) present evidence that a couponing campaign was more effective when transmitted using a 'viral' strategy on social media than when using more traditional offline methods. Chen et al. (2011) has shown that such social influence is most important at the beginning of a product's life.
Other research, such as Ryan and Tucker (2012) , has taken a more structural approach and modeled equilibrium outcomes of targeted seeding strategies on social networks. At the heart of these latter papers is the idea of targeting individuals who are key in spreading trends across a network through advertising, but so far, no research has explicitly investigated the effectiveness of advertising as the means of affecting targeting strategy. This paper also has important insights for managers. Often managers are told to try spread organic word of mouth by identifying early trend propagators and influencers and persuading them to adopt a message. However, our results suggest that it may be far more difficult than previously presumed to use targeted advertising to do this, and indeed that such attempts can backfire.
Data and Field Test

Empirical Setting
In this paper, we investigate whether targeting advertising towards early trend propagators in an attempt to get them to engage with and possibly spread a commercial message is indeed effective. The micro-blogging site Twitter represents an ideal environment to examine whether consumers who embrace and propagate trends are responsive to advertising, because Twitter makes it easy to identify trends and target ads to reach people interested in them.
Twitter, at any point in time, publicly reports the most popular trends on the left hand side of their website. The top trend takes the form of a term that is often (but not always) hashtagged. Figure 1 shows how the trends are presented. In this case the top trend would be '#AskGeorgeUnionJ', which refers to a member of a boy band.
Trends on Twitter are usually short-lived: the top trend on any day usually does not appear among the top ten trends the following days, and in the period covered by our data, the same top trend never appeared twice. We confirmed this observation on the ephemeral nature of trends on Twitter by separately analyzing the top trends for London between December 1 and 17. During this time frame, the top trend was never the same twice. Indeed, there were only two occasions where a top trend appears again among the top ten trends on any of the three following days. Strikingly, we also found that none of the top trends appeared on the top ten trend list on the day before it reached first place. This emphasizes the extent to which such trends suddenly emerge on Twitter and spread very quickly. It is worth noting that while the trends that Twitter identifies and reports in real-time spread quickly and are usually ephemeral, this is different in nature than the type of processes that the earlier literature on early adopters, such as (Rogers, 1962) , has focused on.
Twitter distinguishes between two types of 'top' trends -those which are sponsored by firms and those which emerge organically. For a sponsored trend, a hashtag that a firm wants to promote is listed under 'trends'.
Field Test
The field test was carried out in December 2013 in the cooperation with a large UK charity.
The aim was to attract publicity for their annual Christmas Appeal to help the homeless.
Each day at 8am the top trends on Twitter UK were examined. In selecting the new trend to be targeted on any specific day, an exogenously determined procedure was implemented:
on the first day of the experiment, the charity targeted the first trend independently of whether or not it was organic or sponsored. On the second day, the charity targeted the first trend if that was organic but the second trend if the first trend was sponsored. The third day followed the pattern of day one and the fourth day the pattern of day two, and so on.
We use this quasi-randomization between targeting organic and sponsored trends to help shed light on the mechanism underlying our results. The charity then targeted advertising messages to individuals who had posted on these trends.
[ Figure 1 about here.] Table 1 summarizes the precise trend words that were targeted in the study. They covered an extraordinarily wide range of issues ranging from pop culture, to music, to public affairs.
This wide topic range indicates that organic Twitter trends indeed capture momentary spikes of interest by a wide range of users, rather than being exclusively driven by a specific subgroup of users such as journalists. In addition, the nature of some of the trends illustrates why they tend to appear from nowhere. For example, offering blessings upon the death of Nelson Mandela (#RIPNelsonMandela) was a trend that could only practically emerge on the day of his death. Similarly, the announcement about Rebecca Black's single (#RebeccaBlack) could only become a trend when it was actually announced, and people could only tweet about the Apollo Theatre's collapsed roof (#ApolloTheatre) when this incident actually occurred.
For each trend, the charity targeted, over four days, Twitter users who had broadcast a message that contained the specific trend. We refer to any such combination of targeting and message that ran over four days as a 'campaign'. The charity followed this procedure for the first three weeks in December preceding Christmas, at which point the test concluded.
On average across all days, there had been close to 5600 postings containing a trend targeted by the charity within the hour preceding the launch of the campaign, and on average more than 100,000 postings on the topic within the 24 hours preceding the launch of a campaign.
Targeting on Twitter is based on recency. This means that users are targeted by a promoted tweet based on whether they used the targeted words or phrases in one of their tweets within the last 24 hours. In theory, once the target audience that posted on this topic within the past 24 hours is exhausted, Twitter will extend this moving window backwards to cover users who had posted on the topic at even earlier dates. However, given the relatively small size of the campaigns in our sample (on average 411 daily impressions per campaign), compared to the large size of conversations about the top trends that were targeted (on average greater than 100,000 postings within the preceding 24 hours), this seems unlikely to have happened during our study.
We refer to users who post about a trend on the day on which a topic is identified as a 'top trend' as 'early trend propagators'. Our definition of early trend propagators is based on the fact that these individuals were propagating the trend immediately on the day it emerged, in contrast to users who only tweeted about the topic on one of the following days.
Therefore, the key variation in our data when looking at behavior across individuals who embraced a specified trend is how early on these individuals embraced the trend.
[ Table 1 about here.]
After determining its targeting criteria and message, an advertiser bids on impressions to individual users by submitting its maximum price per engagement, a mechanism which is similar to that of search engines where the advertiser bids a price per click. In this case, the charity bid £1.00, but rarely paid this maximum bid.
For each of these different trends, the charity ran sixteen slightly different variants of wording for the sponsored tweet that was targeted at users who had embraced any of the trends. These messages are summarized in Table A1 . These variants are not the focus of the present study and instead should be thought of as reflecting the existing body of knowledge about non-profit marketing. For example, variation on whether or not there was an identifiable victim mentioned in the tweet is based on research that has demonstrated that people are more likely to respond to an identifiable victim than a statistical victim (Jenni and Loewenstein, 1997; Small and Loewenstein, 2003) . Similarly, whether to emphasize the self or others stems from the marketing literature which has on balance found a benefit to emphasizing others (Brunel and Nelson, 2000; Fisher et al., 2008) . Whether the call to action emphasized collecting information about the charity or proceeding to donate builds on recent insights about customizing advertising messages to fit a consumer's stage in their decision process (Lambrecht and Tucker, 2013) .
The key novelty in the message conditions for the purposes of this study is the distinction between the message conditions that are intentionally timely and those that are not, through the use of the prefix 'Today'. This is particularly relevant on Twitter because of the recency of the messages broadcasted via the micro-blogging service (Liu et al., 2013) .
In our earlier specifications, we simply control for the effects of these different messages through a vector of fixed effects. However, in later specifications, we explore the behavioral mechanism underlying our results, and consequently also use variation in the use of the prefix 'Today'. For completeness, we report the full set of effects of each of the different messages in Table A2 in the appendix, as well as the full set of interactions in Table A3 .
They are mostly not statistically significantly different from each other, perhaps because in a real-world environment, Twitter users are not very sensitive to slight variations in the wording of messages, especially given their extreme brevity. However, as expected, there is support for the findings from previous literature regarding the importance of emphasizing an identifiable victim and that individuals are more responsive to messages that target at an earlier stage of the decision process.
Twitter Data
Twitter reports data on a daily basis for each campaign and shares that data with advertisers.
As Table 2 summarizes, our data contain a total of 1216 campaign-day observations spanning each of the 19 trends targeted that each ran for 4 days with 16 message conditions each. Each of these campaigns had an average of 411.18 impressions each day.
Twitter does not disclose any details about the individuals who were exposed to the promoted messages, what their social networks might be or how many followers they might have. The stated reason for this is to protect user privacy. Twitter refers to any type of measurable response to a promoted message as an 'engagement.' Table 2 shows that a campaign-day has on average 3.81 engagements, most of which are clicks, with only 0.16 retweets per campaign-day. On average, the charity spent £1.64 per campaign-day. The cost per engagement was £0.35, or around 50 cents.
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These engagements are composed of two different categories of actions. The first type of action is a simple click. This may occur either because the user clicks on the ad, to increase its size on the Twitter page, or because of a click on the charity's URL.
5 In either case, the user's engagement signals a wish to learn more about the ad. The second category of action is a 'retweet'. A 'retweet' occurs when a Twitter user deliberately rebroadcasts the ad to his/her followers. This would appear to be a more profound response to the ad, where the content of the ad is judged worthy of sharing with others. It also has the advantage to the advertiser of generating further impressions for free. 6 In our analysis, as well as reporting results for the combined measure of engagements, we also explore clicks and retweets separately.
[ Here we use daily per-campaign data that the charity had been able to collect using Google Analytics. Figure 2 suggests that the campaigns' success rates increase as the days pass since the trend targeted in the campaign emerged: The campaign is least successful when targeted to people who adopted the trend earliest and becomes increasingly successful as it targets later trend adopters. It illustrates that on day 4 of the campaign, the visit rate to the firm's website is almost twice as high as on day 1.
Obviously, this aggregate analysis does not distinguish or control for potential differences across the trends that were targeted or for potential differences in responses by day. It also equally weighs each campaign and campaign-day and does not account for the fact that the number of impressions differed across campaigns. To fully capture the effectiveness of promoted tweets when targeting early trend propagators versus those who embrace trends later, we turn to an econometric framework. In this econometric framework, rather than using the aggregate Google Analytics statistics, we use the data provided to advertisers by
Twitter which is summarized in Table 2 .
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[ Figure 2 about here.]
Main Results
The standardized design of the field test makes our empirical analysis relatively straightforward. Though our Twitter data is given to us at the campaign level, we build our main empirical specification at the individual level and then use aggregated estimation techniques to reflect the fact that we only have campaign-level data.
For individual i with message j and targeting based on user-generated content k on day t, their likelihood of engaging with the promoted tweet is a function of:
Therefore, β 1 captures the key coefficient of interest for this paper, which is the extent to which someone posting on a trend is an early adopter of this trend, measured in terms of the days elapsed since the trend was listed as a top trend on Twitter. β 2 is a vector of coefficients for each of the different trends that were targeted, to control for the underlying differences in baseline behavior associated with the kind of person who would tweet on that trend. This means that β 1 captures only the differences in behavior of the individuals who had the same propensity to use a certain set of words or phrases in their tweets. β 3 is a vector of coefficients that capture the effect of sixteen different indicators for each of the sixteen different message conditions to control for differences in response to slight differences in the wording of messages. Lastly, the vector δ t is a series of day fixed effects that control for heterogeneity in baseline behavior over time. Standard errors are clustered at the campaign level in accordance with the simulation results presented by Bertrand et al. (2004) .
Twitter reports data by grouping all successes and failures on each day. The only complication in bringing Equation (2) to the data arises from the fact that the different trends we targeted had a varying degree of use and therefore our campaigns had different volumes of impressions. This means that unlike other research using field tests for online advertising, where in a straightforward ordinary least squares approach the click-through rate is the dependent variable, we need to account for differences in daily impressions. To see why this is important, imagine two campaigns, one which received 100 impressions and the other which received 10,000 impressions, where both received zero clicks. Simply focusing on the click-through rate as dependent variable, would effectively treat these instances as the same, though they convey very different information.
As a result, we estimate an aggregate logit model using maximum likelihood (Flath and Leonard, 1979) . In earlier work in marketing, Chintagunta (2001) pointed out that work with aggregate discrete choice models needs to account for both heterogeneity and endogeneity.
In this paper, we use fixed effects to account for heterogeneity across the different campaigns and days. We tackle the question of endogeneity by focusing on variation which occurs within the same set of individuals who embrace the same trend -the variation we study is simply the variation in timing of when they embraced the trend.
Let F denote the logistic likelihood function. The likelihood of observing each observation in the data is then:
where s is the number of engagements and r is the population exposed to the messages. Table 3 shows the initial results from our estimation. Column (1) indicates that the likelihood for someone to click on a tweet increases the more time has elapsed since the trend emerged. Put differently, users that are targeted on the day a trend emerges are least inclined to engage with a promoted tweet, and users that are targeted three days after a trend emerges are most likely to engage with the promoted message. The effect also holds when we control for message fixed effects in Column (2), which is to be expected since the messages were randomly assigned. Column (3) confirms the robustness of the effect in an alternative specification where we allow the effectiveness of advertising to vary by days passed since the trend emerged. This more flexible specification means we do not force a linear time trend on responsiveness. In this specification, we take the behavior on day 4, the final day of the campaign and the day furthest from the trend emerging, as baseline. Therefore all estimates are relative to the slowest trend adopters in our data. This specification echoes again the insights of Figure 2 that there is a non-linear increase in responsiveness over time. Since there is some evidence of non-linearity, we emphasize this more flexible functional form in subsequent specifications.
In sum, our empirical specification shows that early trend propagators are less likely to respond to promoted messages than later trend adopters. We establish this empirical regularity using within-trend adopter variation, so our results are not driven by the fact that, for example, individuals conversing on #AirportsCommission would generally dislike an ad by a charity for homeless people. Instead, we focus on the response of early propagators of such a specific trend relative to that of later trend propagators.
[ Table 3 about here.]
Our key finding that early trend propagators are less likely to respond to promoted messages than later trend adopters is surprising. It also has potentially important managerial implications. To test for the robustness of our results, we next conduct a battery of checks to make sure they hold across different controls, functional forms, samples and dependent variables.
One first concern is that our results could be driven despite the use of the weighted-logit model by outliers caused by the fact that on some days our campaigns only had very few impressions. To check for this, we re-estimated our model focusing only on the campaigns for which Twitter initially categorized the Trend as having an above average number of tweets.
The results are reported in Column (4) of Table 3 , and suggest our findings are robust to the exclusion of this potential source of outliers. Column (5) reports results where we focus in our analysis on the two trends that could be associated with charities (#gooddeeds, #foodbankdebate). As these were somewhat spread out, we could not separately identify day fixed effects in the model but instead include week fixed effects. Still, Column (5) confirms that the results hold for a more specialized audience who recently conversed on a topic related to that of the promoted tweet.
Another concern is that our results could reflect a competitive effect, in the sense that early trend propagators are more attractive to advertisers. If such individuals receive more sponsored ads, then our focal ads may be pushed further down on their feed and be less obvious or may simply attract less attention. To investigate whether this drives our results, we include an extra control for the average amount of money the charity spent per engagement. The idea is that if competition is driving our results, this would lead the charity to pay more on highly competitive days of a campaign due to the nature of the auction for keywords. Such an increased spend would therefore act as a proxy for competition for that keyword. In Column (6) of Table 3 , we control for the average cost per engagement on a day. Again, our results hold and the estimated effect of the cost per engagement is negative and insignificant. This points against alternative explanations based on competition.
We then check that our specification holds if we use alternative functional form to model the aggregate click and impression data. First, we repeat our maximum likelihood grouped estimation with a probit functional form. This is reported in Column (7), and the results are again similar. As discussed by Flath and Leonard (1979) , there are two possible ways of estimating a logit on aggregate data -using maximum likelihood or using weighted least squares. Though the evidence in Flath and Leonard (1979) would tend to favor the maximum likelihood approach we focus on, we also checked robustness to weighted least squares.
Column (8) reports the results from doing a simple weighted logit (rather than maximum likelihood), and we again obtain similar results.
Our main results in Table 3 focus on engagement as an outcome variable. Engagement is the key outcome variable for Twitter and determines whether an advertiser is charged for a promoted tweet. However, it subsumes two different behaviors in response to the ad: clicks and retweets. Table 4 displays the results for these behaviors separately for both the linear and nonparametric specification of the key explanatory variable. Columns (1) and (3) indicate that the results hold when the dependent variable captures only clicks. In line with our previous results, these confirm that early trend propagators appear to have less interest in finding out about an ad and pursuing it for their individual edification than later trend adopters.
In Columns (2) and (4), we find that early trend propagators are also less likely than later trend adopters to rebroadcast a promoted message to their social networks via a 'retweet.'
This effect appears to be more pronounced even than for clicks, because both the point estimates are higher, and the baseline likelihood of retweeting is also smaller. This finding is particularly important as a crucial component of the strategy of targeting early trend propagators is the hope that they will propagate and spread a message on behalf of the firm.
However, these results suggest that early trend propagators are far less likely to do so than average.
In the previous section we have established that early trend propagators are less likely to respond to advertising. In this section, we provide some evidence about a possible behavioral mechanism underlying our results. We explore the behavioral mechanism by highlighting when the empirical pattern is strongest and on what occasions and for which groups it is weakest. Table 5 presents our results.
We initially explore the distinction in behaviors between individuals who embraced organic trends and those who embraced sponsored trends on Twitter. Such a comparison is possible because of the quasi-randomized algorithm that the charity used in deciding whether to target a sponsored or organic trend. In Table 5 , Column (1) reports the results for sponsored trends and Column (2) the results for organic trends. This result is important for three reasons. First, it emphasizes that the effect we observe is related to individual-level characteristics of early propagators of organic trends. It is not the case that the effect we find mechanically reflects the way that Twitter uses advertising, or is perhaps an outcome of a different level of Twitter feed clutter among those who propagate trends early or late on. Instead, the effect is driven by the distinctive behaviors of those who embrace organic trends.
Second, it suggests that there is a key distinction between the kind of Twitter users who are willing to respond to and propagate firm-sponsored trends or messages, and those who generally use Twitter to embrace and propagate organic trends.
Third, this result relates back to the literature on reactance and in particular the motiva-tions of users who develop hostility towards marketing communications. Work by Wicklund et al. (1970) emphasizes that such reactance and hostility is likely to be highest among those who consider the advertising to be intruding on their personal domain. We relate this to psychological research on the importance of identity-signaling Heath, 2007, 2008) . These studies suggest that early trend propagators respond more negatively than others if they perceive a threat to their attempts to signal their identity through their trend adoption. Assuming that the motivation of an early propagator of Twitter trends is to signal that they are 'in-the-know' about current trending topics, they would not want to be seen as influenced or even manipulated by traditional mass media or corporate enterprise. This may explain why their response to mass-media advertising may be more negative than average. This is intertwined with the broader psychological literature on reactance (Brehm, 1966 (Brehm, , 1989 , the process whereby undue pressure and a perceived lack of control lead consumers to respond negatively and exhibit hostility to advertising (Wicklund et al., 1970; Clee and Wicklund, 1980) . Early trend propagators may feel more reluctance to cede control of their messaging on a micro-blogging site to commercial entities than later trend adopters, perhaps reflecting their use of the service to signal their identity through their early adoption of trends. Such reactance to ads that purposely try and force users to signal their identity through a commercial message has been documented in new research by Bhattacharjee et al. (2014) .
To further shed light on the behavioral mechanism, we turn to one of the manipulations of message content. If, indeed, reactance to perceived pressure to change behavior is the mechanism at work, then we would expect the main effect to amplify when such pressures are stronger (Clee and Wicklund, 1980) . To explore this mechanism further, we exploit the fact that about half of the users were randomly exposed to messages that had the prefix 'Today...'. These messages could be interpreted as an attempt by the firm to put greater pressure on the recipient to engage with the ad, by responding to its call to action, and to explicitly set a viral agenda that users should follow. Indeed, Twitter itself (in its advice to firms who are trying to make their tweets go viral) suggests that making a tweet timely will increase engagement.
9
Column (4) of Table 5 reports results for individuals who were exposed to messages which aimed to inject timeliness into the ad. Column (3) reports results for those who were exposed to the non-timely variant of the message. A comparison of the estimates across
Columns (3) and (4) shows a greater negative effect for early trend propagators in the timepressure condition relative to the non-time-pressure condition. This suggests that in the messages that emphasized immediate action, consumers feared stronger manipulative intent on the part of an advertiser in their attempts to influence behavior on the micro-blogging site which, theory predicts, leads to greater reactance (Wicklund et al., 1970; Robertson and Rossiter, 1974) .
The insight that the effect amplifies when messages start with 'Today ...' also helps us to rule out an alternative explanations for our findings. Our main finding that early trend propagators show less engagement than other consumers could possibly be explained by a lack of attention to advertising messages. But if early trend propagators were generally more likely to ignore a promoted message, we would expect that starting a tweet with 'Today ...'
would either show no effect or direct greater attention to the tweet and increase engagement.
As Columns (3) and (4) propagate trends early on with promoted advertising messages, it is unclear whether doing so is effective for a firm. Using data from a field test conducted on Twitter, we examine the effectiveness of promoted tweets, which are advertising messages sent on Twitter to users.
On each day, we identify the top trending topic. We then target individuals who post on that trend that day and the three following days. We find that early trend propagators (i.e., Twitter users who post on the trend the day it emerged) are significantly less likely to respond positively to the ad than users who post on the trend during the following days. As time passes since the trend was a top trend, the effectiveness of targeting individuals who post on this topic increase. We suggest that this is the case because early trend propagators, more so than others, aim to make their own unguided choices and have little motivation to follow suggestions by others. In line with this interpretation, we do not find a negative effect of targeting individuals who post on sponsored trends (and who consequently seem generally interested in firm-sponsored messages). Last, our results demonstrate an interaction between targeting and message content: early trend propagators respond even more negatively when a message is framed to be relevant in the immediate versus the long term.
Our results have important implications for firms. First, though many guidelines for managing contagion speak of the advantages of encouraging early trend propagators and propagators to spread word-of-mouth, our results suggest that this might be harder to achieve via advertising than previously thought. Second, our results suggest that there is a distinction in the behavior when it comes to reactions to advertising between the kind of early trend propagators who are willing to adopt a commercial trend and early trend propagators who adopt organic trends. Advertising to the former group is likely to be more successful, but may be less attractive from a firm's perspective simply because such trend adopters are less likely to be seen by their peers as spreaders of organic trends. Third, our results have implications for the future of advertising on micro-blogging sites. Though it is tempting to think that what makes such sites distinctive from alternative advertising platforms is the fact that they originate trends and relay information that is very timely, our results suggest that these features are unlikely to distinguish them as useful advertising platforms.
There are some limitations to our results. First, our empirical focus is on the microblogging site Twitter. While Twitter is an increasingly important medium and an attractive platform for us to study because of its increasing importance in the identification of trends, we recognize that it allows a very specific kind of ad format and that this means that the results may not fully generalize to other formats. Second, we use data from an empirical test conducted by a single UK charity. This means that we cannot compare across products.
Third, we do not know whether our results are influenced by the distinctive nature of the message that the charity was trying to promote. It may be that a campaign against homelessness has more or less generic inherent appeal than the average commercial campaign.
Fourth, while our data provide some evidence leading us to suggest reactance as an underlying behavioral mechanism, we are unable to directly measure and test for this variable.
Notwithstanding these limitations, we believe that our results offer a first insight into the challenges that firms may face when trying to use online behavior to identify early trend propagators when targeting advertising messages. A-2 
